Ecosystems can show sudden and persistent changes in state despite only incremental changes in 41 drivers. Such critical transitions are difficult to predict as the state of the system often shows little 42 change prior to the transition. Early-warning indicators are hypothesised to signal the loss of 43 system resilience and have been shown to precede critical transitions in theoretical models, paleo-44 climate time series, and in laboratory as well as whole lake experiments. However, the generality 45 of early-warning indicators for detection of critical transitions in empirical time series of natural 46 aquatic ecosystems remains largely untested. Here, we assessed four commonly used early-47 warning indicators on long-term datasets of five freshwater ecosystems that have experienced 48 sudden, persistent transitions and for which the relevant ecological mechanisms and drivers are 49 well-understood. These case-studies were categorised by three mechanisms that can generate 50 critical transitions between alternative states: competition, trophic cascade, and intra-guild 51 predation. While early-warning indicators could be detected in most case-studies, agreement 52 among the four indicators was low. In some cases, early-warning indicators were detected 53 considerably ahead of the transition. Our results, however, show that, at present, early-warning 54 indicators do not provide reliable and consistent signals of impending critical transitions despite 55 using some of the best routinely monitored freshwater ecosystems. Our analysis strongly suggests 56 that a priori knowledge of the underlying processes driving ecosystem transitions is necessary to 57 identify relevant state variables to successfully monitor early-warning indicators. 58 59 Significance Statement 60
Introduction
Results 139 Selection of case-study ecosystems and state variables 140 We selected five case-study ecosystems based on expert knowledge of well-described regime 141 shifts that can be qualified as critical transitions in aquatic ecosystems: Lake Müggelsee 142 (Germany, LMS), Lake Veluwemeer (The Netherlands, LVM) and Lake Zwemlust (The 143 Netherlands, LZL), Lake Washington (United States, LW), and Lake Võrtsjärv (Estonia, LV).
144
Based on the literature on these case-study ecosystems, we identified relevant critical-transition 145 generating mechanisms, which guided our choice of 14 state variables for EWI analysis. A short 146 summary of the case-studies, mechanisms, state variables and drivers is presented in Table 1 . A 147 more detailed description of each case-study and reasoning for the choice of the14 state variables 148 is presented in the Supplementary Information Appendix (SI Case-studies S1).
150
Transition detection and seasonal adjustment 151 We used three complementary methods (piece-wise linear regression, Pettit and STARs, see 152 Methods) to robustly assess the timing of transitions (breakpoints; i.e. large, persistent step 153 changes) in the time series of each state variable. In 12 state variables we found one breakpoint 154 and in two state variables two breakpoints ( Table 2 and Testing the residual time series for remaining linear trends and seasonality showed in some time 164 series a remaining, but much reduced seasonal signal (SI Table S2 ).
166
Early-warning indicator analysis 167 In 14 out of 16 analysed time series, a loss of resilience before the breakpoint was signalled by at 168 least one of the four EWI metrics (coded '+' in Table 2 , detailed figures in SI Figures S3) based on 169 the median of the trend distribution across yearly increments of rolling window sizes (see 170 Methods). We found rising AR-1 and DR trends in 10 cases each (63 %), rising SD trends in 9 171 cases (56 %), and increasing or decreasing SK trends (according to the direction of the state 172 change) in 7 cases (44 %) ( Figure 2 , Table 2 ). In some cases, AR-1 trends were increasing from 173 negative values to positive ones (see SI Figures S3 ). We counted these trends as positive (coded 174 '(+)' in Table 2 ). In several cases, indicators showed trends opposite to the theoretical expectation 175 (coded '-' in Table 2 ). Only the state variable phytoplankton biomass in Lake Müggelsee (LMS) 176 showed the theoretically expected trends in all EWIs, while in two state variables (non-algal 177 attenuation in Lake Veluwemeer (LVM) and cyanobacteria biomass in Lake Washington (LW)) all 178 EWIs failed. The agreement between positive AR-1 and SD trends was low (5 cases), but higher 179 between positive AR-1 and DR trends (10 cases). Logistic regressions showed no significant 180 relationship (p < 0.05) between EWI behaviour and mechanism (competition, IGP, or trophic 181 cascade), state variable level (species, group, or ecosystem), step change height, length of pre-182 breakpoint time series, nor sampling interval (fortnightly or monthly).
184
Robustness to rolling window size and significance of EWI trends 185 We estimated the robustness of EWI trends to the size of the rolling window, shown as the 186 distribution of trends around their median (boxplots in Figure 2 for AR-1 and SD and SI Figure S4 187 for DR and SK). A large majority of trends were robust to rolling window size, as shown in the 188 low number of trend distributions in which the boxplot extended to negative values. We also 189 tested for the significance of the trends by estimating the rate of false positives using simulated three trends were significant in more than 50% of the comparisons between data-based and 192 surrogate-based trends. Additional 29 EWI were significant in less than 50% of comparisons, and 193 32 EWI showed no significant differences between data-based and surrogate-based trends (grey In this study we assessed the detectability of four commonly used EWIs (AR-1, SD, SK, and DR) 208 in empirical time series of freshwater ecosystems. By combining high quality empirical time 209 series with ecological understanding and standardised methods we showed that EWIs preceded 210 critical transitions in natural aquatic ecosystems, in some cases even several years ahead of the 211 shift, despite potential shortcomings of empirical datasets such as observation error, sparse 212 sampling or low signal to noise ratio (9, 24, 33) . However, in a large proportion of cases the 213 EWIs failed, and the cases with positive EWIs generally showed low or no significance. In 214 addition, we found little agreement among signals and we observed no relationship between EWI 215 trends and potential predictors, like ecological mechanism of shift, state variable level, magnitude 216 of transition, or sampling interval. The choice of case-studies and state variables in our study was based on expert knowledge of 220 ecosystems that likely experienced critical transitions. Although this choice was based on 221 ecological understanding of the mechanisms that can give rise to alternative states in aquatic 222 ecosystems, it does not provide conclusive evidence that the regime shifts we analysed correspond the actual transition, although large differences in detection windows between state variables were 288 observed. These differences may partly be explained by the fact that the actual shift is usually 289 triggered by external stochastic perturbations which in turn are often independent of the drivers of 290 ecosystem stability loss (42). However, in many cases EWIs indicated sustained instability over 291 the period tested in our study which may be attributed to either a too short time span available for 292 testing (e.g. Lake Zwemlust) or unrecognised interacting processes that promoted prolonged 293 instability in these ecosystems. encouraging that we could detect EWIs in some of our empirical aquatic time series using data 301 derived from commonly used monitoring schemes that were not designed for this purpose, the 302 lack of reliability and agreement between signals limits the potential application of EWIs to well-303 understood ecosystems only (35). In such well-understood ecosystems, harnessing EWIs as 304 metrics of resilience loss may help in planning for the unpredictable and could be part of strategic 305 foresight programs for management and conservation (44). However, our analysis suggests that 306 these metrics could be of added value only in combination with existing frameworks (e.g.
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